Motivation: The dearth of structural data on α-helical membrane proteins (MPs) has hampered thus far the development of reliable knowledge-based potentials that can be used for automatic prediction of transmembrane (TM) protein structure. While algorithms for identifying TM segments are available, modeling of the TM domains of α-helical MPs involves assembling the segments into a bundle. This requires the correct assignment of the buried and lipid-exposed faces of the TM domains.
INTRODUCTION
Integral membrane proteins (MPs) play important roles in signal transduction, the transport of substrates across the membrane, the maintenance of ionic and proton gradients, photosynthesis, light harvesting and other biological processes. It has been estimated that 25-30% of the genes in the genomes of several organisms encode proteins with a transmembrane (TM) domain (Wallin and von Heijne, 1998; Stevens and Arkin, 2000a) . Additionally, most of the currently * To whom correspondence should be addressed. employed therapeutics have MPs as targets [predominantly G-protein coupled receptors (GPCRs) (Dahl et al., 2002) ].
Despite the central role of these proteins in biology and medicine, our understanding of their structure and function is still very limited. This is largely due to problems associated with over-expression, purification and availability in stable forms suitable for X-ray crystallography and electron microscopy (EM) studies. To date, only about 50 structures for (mostly bacterial) MPs have been solved at high resolution (for an overview, see http://blanco.biomol.uci. edu/Membrane_Proteins_xtal.html and http://www.mpibpfrankfurt.mpg.de/michel/public/memprotstruct.html), and a limited number of low-resolution structures solved by cryo-EM are available. This contrasts strongly with the total number of structures in the Protein Data Bank (PDB) (Berman et al., 2000) , which currently exceeds 20 000.
This difficulty has engendered a large variety of studies probing specific structural aspects of MPs by means other than direct structure determination, using approaches such as substituted cysteine accessibility method (SCAM) (Karlin and Akabas, 1998) , metal-binding site engineering (Norregaard et al., 2000) , spin labeling studies (Farrens et al., 1996) , crosslinking (Kaback et al., 2001) as well as molecular modeling and computational simulation methods (Visiers et al., 2002) . The interpretation of results from these methods in a structural context is facilitated by the relatively simple architecture of MPs. All MP structures solved to date have TM domains that fold as either single α-helices, bundles of α-helices or β-barrels. For recent reviews on MP folding and structure, see Bowie (1997) , Garavito and White (1997) , White and Wimley (1999) , Popot and Engelman (2000) , Ubarretxena-Belandia and Engelman (2001) , and Liang (2002) . The present study is focused exclusively on MPs with α-helical TM domains.
The folding of MPs has been described as a two-stage process (Popot and Engelman, 1990) . First, TM helices are inserted in the endoplasmic reticulum (ER) membrane, where they form independent stable structures that can be considered domains. Second, these TM helices associate to form the final structure. At this stage, there is no hydrophobic effect to drive protein folding. It has been postulated that in order to achieve stability, the internal packing of MPs is very tight (Eilers et al., 2000) and helix-helix interaction is mainly through van der Waals forces. However, polar interactions in TM domains also have a critical role in maintaining MP stability, as inter-helical hydrogen bonds have been shown to cause dimerization of TM helices in model systems (Choma et al., 2000; Zhou et al., 2001) . Residue-residue interactions between helices in MPs have been extensively studied (Adamian and Liang, 2001; Eilers et al., 2002; Adamian et al., 2003) and appear to be much more diverse than those in globular proteins.
After migration to the cellular membrane, MPs are surrounded by a complicated, heterogeneous environment formed by water, charged phospholipid-headgroups and a hydrophobic lipid phase. Considerable accuracy (up to 95%) has been achieved in predicting, based on sequence alone, which parts of a MP form either the TM domains or the solvent-exposed regions (Krogh et al., 2001; Bertaccini and Trudell, 2002; Chen et al., 2002) . Prediction methods for this step have depended on the development of amino acid propensity scales for residues to be located within the membrane region or in the water-exposed regions in the protein (von Heijne, 1992; Monne et al., 1999) . However, successful modeling of MPs involves assembling these predicted TMs into a bundle, representing the tertiary structure of the TM region. As reviewed in detail (Visiers et al., 2002) , this requires knowledge not only of the start-and end-point of the TMs, but also of the correct assignment of the TM faces that are exposed to either the interior of the protein, or are located on the protein's surface that faces the phospholipid membrane. If the MP is part of an oligomeric assembly, then the situation is further complicated by the requirements of the oligomeric or multi-subunit interface.
It has been shown previously that conserved residues in MPs are located mostly within the interior of the protein (Stevens and Arkin, 2001) . However, non-conserved residues do occur within the protein interior, and although rarely, conserved residues that serve an architectural role can be found on the membrane-facing protein surface (e.g. prolines, glycines and arginines/lysines that interact with the phospholipidhead groups (Ballesteros and Weinstein, 1992; Sansom and Weinstein, 2000) .
Various attempts have been made to determine the propensity of amino acids to face the phospholipid bilayer. An early suggestion about MPs is that they are 'inside-out' soluble proteins with hydrophobic exteriors and polar cores (Engelman and Zaccai, 1980; Rees et al., 1989) . However, based on the analysis of several MP structures, this paradigm has been challenged recently Arkin, 1999, 2000b; Rees and Eisenberg, 2000; Silverman, 2003) . Several groups have calculated lipid-facing propensities without any available structural data. Samatey et al. (1995) used correlation matrices and Fourier transforms on a large set of MP sequences to determine propensities of pairs of residues to lie on the same or on opposite helical faces. They found polar/aromatic residues to lie on one side (presumably the interior), and aliphatic residues to lie on another side (probably facing lipid). Others analyzed the occurrence of residue types in multi-versus single-spanning MPs, and assumed that residues that prefer to be exposed to the lipid are found more frequently in single-span MPs, while amino acids that have a high propensity to be buried in MPs would be over-represented in multi-span MPs (Pilpel et al., 1999) . Recently, Ulmschneider and Sansom (2001) analyzed amino acid distributions in 14 α-helical MP structures. They found small differences in the propensity for hydrophobic residues (F, L, I, V) to be located inside versus on the proteins surface, but large preferences for A and G to be located inside. Results on other residue types were not reported, probably due to a limited data set.
With this background, the motivation of the present work included two main goals. First is the need to re-evaluate the residue distribution between the surface and the interior of MPs, because the number of available α-helical MP structures has doubled since the last report (Ulmschneider and Sansom, 2001) . Thus, 28 α-helical MPs in the PDB were evaluated in this work. The inside/outside distribution was also determined for specified regions in the TMs (i.e. the intraand extra-cellular parts and the central regions). The results are compared with those from an alternative method, where we have used the crystal structure of bovine rhodopsin and an alignment of 328 rhodopsin-like GPCRs considered to share a common structure, in order to determine the inside/outside distribution. GPCRs constitute the largest superfamily of MPs, with more than 1000 family members in the human genome.
The second goal was to use the information obtained from the analysis to develop an amino acid property scale that corresponds to the propensity of residues to be located on the TM surface. The ability of this knowledge-based scale to refine predictions based on conservation criteria alone was tested for MPs with known structures, and the combination of conservation criteria and the knowledge-based scale was subsequently employed to predict the residue orientation in the TMs of several MPs for which the structures are known. The prediction method described here was incorporated in a Web-accessible server, named ProperTM.
METHODS AND RESULTS

Statistical analysis of amino acid distributions in MPs
Generation of the database A MP database was generated containing all TM domains extracted from α-helical MPs with available structures solved to a resolution of <4 Å (see http://blanco.biomol.uci.edu/Membrane_Proteins_xtal.html). The TM domain of glycophorin, which has been solved by nuclear magnetic resonance (NMR)-spectroscopy, was also included. To ensure non-redundancy, proteins with >30% sequence identity to other proteins in the database were excluded. Table 1 lists the 28 structures that have been used to generate the database. TM boundaries were assigned by visual inspection of the structure of each protein. TMs typically start and end with exposed and charged residues (arginine, lysine, histidine, aspartate, glutamate) that may interact with the phospholipid headgroups (in exposed TMs), or with the solvent (in buried TMs). Thus, the region of the MP located within the hydrocarbon core of the membrane was assigned to include the amino acids located in between these terminal residues. For the purpose of the analysis, the terminal residues on either side of the TM were not included in the database, and only residues within the hydrocarbon core were considered.
Frequency of amino acid occurrence in MPs
The average amino acid composition of the TM domains was determined for the 28 proteins in Table 1 . As shown in Table 2 , hydrophobic residues (A, I, L, V) make up the bulk of the amino acids, accounting for 48.7% of all residues. Charged residues (D, E, H, K, R) constitute only 5.5% of the total. Among these types, the higher occurrence of histidine (2.3%) relative to the other charged residues is largely due to its abundance in Photosystem 1. Glycine is also relatively abundant, as well as methionine, serine and threonine. Together, small residues (A, C, S, T) form 30.6% of the total. Aromatic residues (F, W, Y) represent 15.8% of the total, but phenylalanine is by far the most common. β-Branched residues (T, I, V) form 24.9% of the total. Proline can be considered to be a helix breaker and may have special structural and functional properties (Sansom and Weinstein, 2000) . It is underrepresented in TM helices (2.8%). Cysteine and the polar residues glutamine and asparagine are also rarely found in TM domains.
The overall amino acid composition of MPs deviates significantly from that of the whole genome, as evidenced by the comparison of residues in TM segments with residue distribution in whole genomes [the human and Escherichia coli genomes, shown in Table 2 (Tekaia et al., 2002) ]. As expected, hydrophobic residues A, F, G, I, L, M, V and W occur (Tekaia et al., 2002) . c Percentage of the surface or interior of globular proteins (Miller et al., 1987) . more frequently in MPs than in whole genomes. Conversely, residues C, D, E, K, N, P, Q, R are underrepresented in MPs, while H, S, T and Y have equal distribution in MPs and whole genomes.
Assignment of residues to the interior or exterior of structures based on surface accessibility criteria To assess the propensity of residues in TMs for being buried or exposed, the relative solvent accessible surface area (SASA) of the side chain of each residue was calculated with the program Gepol (Silla et al., 1990) , using a probe with radius 1.4 Å (H 2 O) or 2.0 Å (CH 2 ). The choice of CH 2 to describe the interaction between phospholipid molecules and the residues on the protein surface is motivated by the exposure of the residues to the hydrocarbon core of the membrane (rather than water). The relative SASA was obtained by dividing the SASA of the residue calculated in the environment of the protein, by a SASA reference value. The reference value was calculated for any residue side chain, X, in a Gly-X-Gly tripeptide in extended conformation (Miller et al., 1987) . Residue side chains with a relative SASA >0.10 (with H 2 O probe) or >0.07 (for CH 2 ) were defined as located on the surface of the protein. The results for the H 2 O probe were also collected for alternative cut-offs of >0.07 and >0.13. However, because the composition of the interior and the surface appears to be relatively insensitive to the choice of probe and the value of the cutoff, only the results for the 0.10 cut-off with a H 2 O probe are discussed here. In some cases, residues with a high solvent accessible surface are not located on the lipid-facing surface, but, for instance, in water-filled pores in the interior of the protein (for instance, in channels). Removal of these residues from the calculation had negligible effect on the propensity values for being buried or exposed.
Assignment of residues to the interior or exterior of structures based on a multiple sequence alignment (MSA) of GPCRs The crystal structure of bovine rhodopsin and a MSA of 328 rhodopsin-like GPCRs were used to determine amino acid propensities to face the interior or the lipid. Sequences were selected from an alignment of 1033 rhodopsin-like GPCRs available at the GPCRDB (http://www.gpcr.org) (Horn et al., 1998) . All sequences with >25% identity in the TM domains were included in the alignment. Since these 328 sequences consist of more than 58 000 amino acids, this approach has the advantage that the statistics of the results are better than the structure-based method, especially for the rare polar and charged residues. On the other hand, this method assumes that all GPCRs in the alignment have the same structure in the TM domains, which might not be the case, and thus could lower the reliability of the data. Amino acid compositions of all positions, the interior positions and the exterior positions were determined from the MSA. The interior and exterior positions in the alignment were determined from their correspondence to the residues in the rhodopsin structure.
Amino acid composition of interior and surface of MPs
General analysis of all TMs in the database The residue composition of the interior and the surface of the TMs, determined with a H 2 O probe and a cut-off of 0.10, is shown in Table 2 and Figure 1 . The surface of the protein contains more hydrophobic residues (A, I, L, V) than the interior (55.9% versus 43.8%), but clearly the interior of the protein is still very hydrophobic. Similarly, there is an enrichment of aromatic residues (18.1 versus 13.4%) on the protein surface. The interior of the protein is enriched in small residues (39.5 versus 23.6%), consistent with their proposed role in helixhelix interactions (Senes et al., 2000) . β-Branched residues (I, T, V) have been proposed to be suitable for helix-helix interactions due to a limited loss in conformational entropy between free and buried states (Liu et al., 2003) . This might be reflected in the decreased propensities for I and V to be exposed, relative to (the non-β-branched) L. However, no such difference is seen between S and T. Finally, the number of charged residues on the TM surfaces is small (4.0 versus 7.2% for the interior), but not negligible.
Because propensities for amino acids to be buried or exposed might vary in different regions of the TM (i.e. at the intra-and extra-cellular boundaries or in the central core), the amino acid compositions of the central part and the terminal parts of the TMs were investigated separately The intra-and extra-cellular parts of the TMs were taken to be the first five residues.
The combined intra-and extra-cellular parts are defined as the terminal region. The remaining part of the TM domain is defined as the central region.
( Table 3 ). Most of the exposed (lipid facing), charged residues (D, E, H, K, R) that are found in TMs are located in the terminal regions (4.4%) rather than in the central parts (2.7%). Similarly, the exposed terminal parts are very rich in aromatic residues (21.3%), whereas the central parts have fewer exposed aromatics (16.1%). This effect is largely due to differences in distribution of W and Y in the lipid-facing side of the TM. These aromatic residues can form hydrogen bonds, and are often observed in interactions with the phospholipidheadgroups [see Sankararamakrishnan and Weinstein (2000) and references therein]. In the central parts of the TM, hydrophobic residues make up >60% of the exposed residues. Notably, the interior preference of glycine in the central region is much more pronounced than for the terminal region, in agreement with the proposed role of glycine in helix-helix interactions. Conversely, interior prolines are rare in the central region, but more common at the ends of the helices, in accordance with the role of proline as helix breaker. The difference in amino acids composition of the surface and the interior between the central and terminal parts of a TM is significant, but more structures will be required to increase the robustness of this conclusion.
Analysis of the MSA of GPCRs
The GPCR-specific analysis yields the same quantitative results as that of all the TMs in the database (Fig. 2) . Thus, as determined by the structurebased method, residues F, I, L, V, W and Y are enriched on the TM surface. When determined with the rhodopsin-alignmentbased method, residues F, I, L, V, W, Y and K occur more predominantly on the TM surface. However, the exact magnitude of the enrichment varies between the two methods. Most notably, glycine has a clear preference for being buried, as determined from the structures. In the rhodopsin-alignment analysis, this preference appears less pronounced. In contrast, asparagine has a small preference for being buried based on the structural analysis, but in the rhodopsin alignment, the interior preference is very large. Almost all asparagines in the rhodopsin alignment occur at five highly conserved positions. The fact that these conserved positions are all buried results in the observed large interior preference. No conserved glutamines are found in the rhodopsin TMs, and hence glutamine has no extreme preference for the interior or the surface. 
The surface propensity scale: development, validation and application
Development of the prediction method The results obtained above make possible the development of a surface propensity (SP) scale. For the purpose of developing this knowledgebased scale, it is more useful to describe the inside/outside propensity of amino acids by determining the surface fraction (SF), e.g. the fraction of an amino acid type that is located on the protein's surface. SFs calculated for a H 2 O probe and a cutoff of 0.10 are given in Table 4 (column 2). The SP scale was developed based on the SFs. The scale reflects the probability of finding a residue on the surface of the TM protein.
To enable the use of the scale in combination with a method developed previously for determining the extent of conservation (Visiers et al., 2002) , the SP values were normalized by setting the SP of the residue type with the lowest SF (His) to 0, and with the highest SF (Trp) to 1. On this scale, the SP values for all other residue types were then calculated as:
A 'jack-knife' approach was used to determine SDs for the SP scale, i.e. 28 different scales were calculated by removing one MP structure at a time from the database. The resulting values for the SP are an average of the 28 scales and are shown in the third column of Table 4 . The SDs are small (<0.06) for all residue types, indicating the robustness of the dataset. The correlation of the SP scale with various other amino acid propensity scales is shown in Table 5 . The correlation coefficient c is calculated according to Tomii and Kanehisa (1996) as
The correlation between the scales developed from the structures or from the rhodopsin alignments is 0.73. High correlations with the structure-derived propensity scale are also found for several scales representing hydrophobicity or volume, and with the kPROT SP scale. Notably, there is no correlation with a SP scale derived from periodicity analysis of MP sequences (Samatey et al., 1995) . The method for determining the conservation index (CI) has been described previously (Gorodkin et al., 1997; Shi et al., 2001; Visiers et al., 2002) . In brief, the calculation of a CI requires the estimation of the probability for the presence of a set of N different amino acids from a set of pairwise distribution probabilities (Overington et al., 1992) . There is a well-defined mathematical formula for such a calculation in the theory of polytopes. A polytope is defined as a closed Apparent partial specific volume (BULH740102) (Bull and Breese, 1974) 0.84
Hydrophobicity factor (GOLD730101) (Goldsack and Chalifoux, 1973) 0.84
Bulkiness (ZIMJ680102) (Zimmerman et al., 1968) 0.81 Transfer free energy to surface (BULH740101) (Bull and Breese, 1974) 0.77
Partial specific volume (COHE430101) (Cohn and Edsall, 1943) 0.75
Hydrophobicity index (ARGP820101) (Argos et al., 1982) 0.75 Hydrophobicity (JOND750101) (Jones, 1975) 0.75 Rhodospin-alignment scale 0.73 kPROT (Pilpel et al., 1999) 0.70 Hydropathy index (KYTJ820101) (Kyte and Doolittle, 1982) 0.52 Consensus normalized hydrophobicity scale (EISD840101) (Eisenberg et al., 1982) 0.41 (Samatey et al., 1995) propensity scale 0.02
Accession codes from the AAindex database are given in parentheses (Tomii and Kanehisa, 1996; Kawashima and Kanehisa, 2000) . geometrical object in a N − 1 dimensional space defined by [N * (N − 1)]/2 distances. The volume of this object V estimates the CI at the position in the alignment. The volume of the polytope is given by
To differentiate among cases where the total number of amino acids that appear at a given position is the same, but the frequencies are different, a second term [the information content (IC)] is added to V . This term takes into account the difference in conservation for various distributions, e.g. that a distribution of 98:1:1 is more conserved than a distribution of 40:30:30 even though three different residues are present in both cases. The IC for each position is calculated as
where A is the set of residues present at position i, and p a is the a priori distribution of the residues for the environmental and structural context (taken to be 0.05 for each of the 20 amino acids). To integrate these two scales, we take the average of V and IC to be the conservation index (CI):
Prediction of the lipid-facing probability of residues in a protein sequence based on the SP scale requires an MSA. The prediction method involves calculation of the CI and the average value of the SP (SP av ) for each position in the MSA. The probability of finding a residue in the protein interior (P inside ) is then calculated as
To assign positions in the protein sequence to the interior or to the surface of the TMs, a cut-off value for the P inside property has to be specified, so that:
If P inside > cut-off: interior prediction, If P inside < cut-off: surface prediction.
The dependence of the optimal choice of cut-off on the choice of alignment is discussed below. To determine the effect of combining conservation criteria and the SP scale in the prediction method, P inside was also calculated using only conservation criteria [Equation (8)], or using only the SP scale [Equation (9)]:
Incorporation of the algorithm in ProperTM The prediction method has been incorporated in a suite of programs named ProperTM (http://icb.med.cornell.edu/services/ propertm/start), which allows for user-driven sequential applications of various algorithms that have been applied broadly and have been validated repeatedly, e.g. by subsequently determined structures (for a review, see Visiers et al., 2002) . In brief, these methods include the calculation of properties (SP, conservation, hydrophobicity, etc.) associated with positions in an MSA. A Fourier transform (FT) can be calculated for each of these properties, and used to predict secondary structure elements (Komiya et al., 1988; Donnelly and Cogdell, 1993) . The methods in ProperTM have been designed to analyze MPs, but some of the applications (e.g. the calculation of a conservation index) should be useful for the analysis of non-MPs as well.
Validation of the method The method has been tested on 11 different proteins, each time using an SP scale that has been developed without knowledge of the specific protein for which the predictions are made. Results from two measures of performance, accuracy and receiver-operating characteristic (ROC) area, are given in (Tables 6 and 7 ). The ROC curve is a plot of the sensitivity versus (1-specificity), and the area under the ROC curve is generally considered to be a measure of the overall accuracy of the method, and has the advantage of TN + FP + FN) , the specificity as TP/(TP + FN) and the sensitivity as TN/ (TN + FN) , where TP is a correctly predicted interior position and TN is a correctly predicted lipid-facing position. The accuracy, sensitivity and specificity values are calculated for the optimal cut-off for Equation (7) (column 3, see text). The ROC curve is a plot of the sensitivity versus (1 − specificity), where different points of the curve correspond to cut-off points used to designate interior or lipid-facing residues (see text).
being independent of a choice of cut-off (Hanley and McNeil, 1982; Rosner, 2000) . The effect of the choice of sequences for the MSA was evaluated for each of the proteins, and alignments with a similarity threshold of 20, 25, 30, 35 and 40% (no highly similar sequences, no fragments) were used for the prediction. The prediction results for rhodopsin using different alignments are shown in Table 6 . For rhodopsin the optimal similarity threshold is 30%, and this optimum is similar for most other MPs (data not shown). However, some of the MPs studied have few homologs (bacteriorhodopsin, halorhodopsin, sensory rhodopsin, LacY permease) and for these MPs the similarity threshold has to be as low as 25% to include sufficient sequences (>20) for accurate predictions. The choice of cut-off for Equation (7) depends strongly on the choice of MSA. The optimal cut-off for MSAs with similarity thresholds 30% is ∼0.40. For alignments with more remote sequences (>25%), the optimal cut-off is higher (∼0.50).
The accuracy values for all 11 MPs range between 64 and 81%, and for 9 out of 11 MPs they are >75% (Table 7) . There is strong dependence on the performance of the method on the number of available homologs. Thus, for the protein with the least available homologs (LacY permease) the accuracy is lowest (74%), while for rhodopsin, where many homologs are available, the accuracy is high (81%). Therefore, the method performs very well for rhodopsin, aquaporin, the glycerol transporter, the Ca 2+ -ATPase and the ACRB transporter, and the ROC areas are all >0.81, with maximum accuracy between 75 and 81%. The prediction quality for bacteriorhodopsin is also high (ROC area 0.86), but this value is biased due to the relatively small number of buried residues (assigning all positions to be lipid-exposed yields an accuracy of ∼60%). This bias becomes apparent in comparing the results with the more tightly packed halorhodopsin and sensory rhodopsin, which have similar numbers of sequence homologs, but lower-quality predictions. The results can be considered poor for the LacY permease, most likely caused by the low number of available sequence homologs, while predictions for another family member, GlpT (for which more homologs are known), are much better (both with the CI and the knowledge-based scale). The poor predictions for the vitamin-B12 transporter, for which many sequence homologs are available, cannot be attributed to the same deficiency, and the reason for the relatively lower accuracy must lie elsewhere.
For the great majority of proteins, introduction of the SP scale according to Equation (6) improves the quality of prediction over the use of CI alone. Thus, in 10 out of 11 cases the ROC area is higher for the combination of CI and SP [Equation (6)] than for conservation alone [Equation (8)]. Large increases (>0.05) in ROC values due to the combination of SP and CI are observed for rhodopsin, aquaporin, the glycerol transporter and the glucose-6-phosphate transporter. In other cases, the predictions using the combination of conservation and the knowledge-based scale are only marginally better, or similar to those using only conservation.
The ROC curves for rhodopsin are shown in Figure 3 , while Figure 4 puts the prediction in the context of the secondary structure by presenting the details for rhodopsin on a helical net. The quality of predictions for rhodopsin using either the combination of conservation and SP [Equation (6)] or only conservation [Equation (8)] is similar in six of the seven helices. However, for TM2, the use of the combination leads to a dramatic improvement in the quality of prediction, and instead of 10, only three residues are found to be predicted incorrectly.
DISCUSSION
The method presented here for predicting which residues of a TM helix are exposed to the lipid or buried inside the protein is based on the use of a knowledge-based scale. The scale of residue propensities for facing the interior or the surface in MPs is of great significance for successful modeling of the proteins from sequence data and for understanding the structural principles of such proteins, because structure determination of For each of the 11 proteins an alignment was generated using similarity thresholds of 30% (1-7) or 25% (8-11). The fraction of residues with a relative SASA <0.10 is reported in column 5. See the caption of Table 6 and the text for a description of accuracy and the ROC curve. MPs is still problematic. The general conclusions we present about the satisfactory quality of the predictions rest on detailed analysis of accuracy, specificity and sensitivity, which have been used to interpret the data, and the use of ROC curves to evaluate the overall performance of the method. For globular proteins, the abundance of structural data has enabled the development of knowledge-based potentials that have been successfully applied to protein structure prediction (Lazaridis and Karplus, 2000) . Application of such methods to the structure prediction of MPs has been slowed by the lack of sufficient structural information on these proteins. However, the determination of increasingly large numbers of MP structures, bringing the total of available structures of (α-helical) MPs to over 30, enabled the present derivation of a knowledge-based scale that assists in the prediction of exposed and buried residues in TM domains. The results show (Table 2 and Fig. 1 ) that not only the hydrophobic and aromatic residues F, I, L, V, W and Y, but also K, are enriched on the TM surface. In contrast, small and charged residues A, D, E, G, H, N, Q and S are preferentially buried, while C, R, M, P and T have intermediate properties.
These results from our method differ somewhat from earlier reports (Pilpel et al., 1999; Ulmschneider and Sansom, 2001) . Ulmschneider et al. found no clear preference for large hydrophobic residues F, L, I, V to be exposed. They analyzed a smaller set of MPs (15), which might explain the observed differences. Pilpel et al. (1999) (kPROT scale) found a preference for aromatic residues to be buried rather than exposed, while A was found to be exposed rather than buried. Otherwise, their results correspond with those presented here (the correlation between the kPROT scale and the one presented here is 0.70).
The propensity of residue types to be buried or exposed in globular proteins was documented a long time ago (Chothia, 1976; Janin and Wodak, 1978; Wertz and Scheraga, 1978; Miller et al., 1987) . We compared the residue composition of the surface and the interior of a set of 45 such proteins (Miller et al., 1987) to the values for 24 MPs obtained in this study ( Table 2 ). It appears that the interiors of the two types of proteins are rather similar in composition. In contrast, the characteristics of the surfaces are completely different. As expected, the surface of MPs is very hydrophobic, whereas in globular proteins it is mostly polar. The (rare) charged residues that occur on the surface of MPs might be involved in functional properties of the structure, such as protein-protein interaction (oligomerization), similar to the enrichment in R, W and Y at the interface of globular proteins (Chakrabarti and Janin, 2002) . In addition, R and K residues occurring at the terminal regions of the TM have been shown to extend their side-chain towards the phospholipid-headgroups (Ballesteros and Weinstein, 1992) .
Globular proteins are considered to achieve their threedimensional structure by burying hydrophobic residues in the protein core, while exposing polar residues on the protein surface. In contrast, the interior and exterior amino acid compositions of MPs appear to be relatively similar. The folding of an MP is probably less dependent on positioning specific amino acid types into their preferred physio-chemical environments. On the other hand, the tight, specific packing of helices probably requires good steric complementarity to compensate for the lack of a hydrophobic driving force. The abundance of small amino acids in the MP interior might be important for this steric complementarity.
Previous attempts to predict the interior and exposed faces of TMs involved the use of amino acid propensity scales to calculate helical moments. Hydrophobic moments were found to correlate with a solvent accessible surface for some, but not all, TMs in bacteriorhodopsin (Eisenberg et al., 1982 (Eisenberg et al., , 1984 . The use of a scale representing lipid-exposure propensities (parameterized from an analysis of sequences of single-and multi-spanning MPs) led to a higher accuracy prediction of the lipid-exposed face of a TM (Pilpel et al., 1999) . On the other hand, the conservation moment was also found to correlate well with the buried face of a TM (Stevens and Arkin, 2001) . Taken together, these observations suggest that the present method, combining conservation criteria with an amino acid propensity scale, improves the accuracy of prediction of exposed and buried faces of TMs. The improvement produced by the use of the conservation criterion in addition to the SP scale is due to the similarity in amino acid composition between the interior and exterior of MPs. A scale that accurately describes the amphipathicity of a helix in one Fig. 4 . Interior and lipid-facing residues in rhodopsin. The TM bundle is shown schematically on a helical net. The residue coloring is according to the observed or predicted interior (yellow) or lipid-facing (purple) residue orientation. In the upper panel, all purple residues have relative SASA >0.10, and are facing the lipid. Yellow residues have a relative SASA <0.10 and are thus defined interior. The TMs in the middle panel indicate the predictions using both conservation and the knowledge-based scale [Equation (6)]. Lower panel TMs are the predictions using only conservation [Equation (8)]. Incorrectly predicted positions are indicated with a thick blue circle. case might fail in another. This explains not only the need for the added conservation criterion in the prediction algorithm [Equation (6)], but also the success of interpretation of the predictions in a three-dimensional context (α-helix). In some cases, conservation as a sole criterion is insufficient; one specific reason is the functional role of the protein interior (e.g. ligand-binding pockets in GPCRs). A prediction method taking into account only conservation cannot discriminate between exposed variable positions, or variable positions in the interior that have evolved for subtype specificity.
This new method requires an MSA of sequences similar to the target sequence. As with all such methods based on an MSA, the particular choice of sequences (both their number and the level of similarity to the protein of interest) can greatly influence the results. The results presented here for rhodopsin (Table 6 ) indicate that the MSA should include a large number of sequences (40-100), but with a high enough similarity to ensure that they have a similar structure (>30%).
While we have used in the present study 28 MPs for which structures were available, comprising 256 TMs and 5776 residues, the size of this dataset could still be insufficient for an accurate description of the amino acid composition of the TM surface and interior (perhaps especially for charged residues, which do not occur frequently in MPs). To achieve an alternative perspective, we also analyzed the structure of rhodopsin in combination with an MSA, thus probing the surface and interior properties with a larger data set (>50 000 residues). Notably, there is quantitative correspondence between the results from the structural analysis and from the rhodopsin alignment. The absolute values of the propensities vary somewhat between the two analyses, but the trends are the same. The rhodopsin analysis might be biased by the occurrence of highly conserved (polar) residues, but this bias might be eliminated by including a large number of sequences in the MSA. Because the use of a large number of sequences will decrease the conservation in the set, it will increase the error due to the different structural characteristics these proteins might have. When more structures of MPs in the same class become available, further increasing the size of the structural dataset will decrease the bias due to conservation.
A more significant increase in prediction accuracy using an empirically derived scale could come from the development of scales that take into account the position of residues within the membrane. This is suggested by our results showing that inside/outside distributions differ between regions (i.e. central versus terminal) in the TM domain. However, such a refinement of the scale must await further expansion of the number of solved MP structures, to improve the statistical significance of the observations. The importance of such improvements from scale-based methods stems from the expectation that prediction methods based on sequence alone (i.e. conservation) will not increase further in accuracy, given the already large number of available sequences.
